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Abstract

This pap er demonstrates ho w a rob ot can

p erform global lo calisation giv en a ric h 3D

map of an outdo or en vironmen t previously ob-

tained via a laser range scanner and registered

colour imagery . The rob ot is equipp ed with a

panoramic mirror and is able to lo calise itself

b y matc hing sensory data from similar p oses in

the real and cyb erw orld. Some global lo calisa-

tion exp erimen ts are p erformed in a small out-

do or test en vironmen t. The lo calisation is more

accurate than a con v en tional civilian GPS.

1 In tro duction

Global lo calisation is the capabilit y of estimating the p o-

sition of a rob ot giv en a mo del of the en vironmen t and

sensor readings. Here the en vironmen t is fully kno wn

and can b e mo delled o�ine. This problem di�ers from

the more recen tly activ e researc h of sim ultaneous lo cal-

isation and mapping, b etter kno wn as SLAM

[

Leonard

and Durran t-Wh yte, 1991

]

. In SLAM, the en vironmen t

is initially unkno wn and the rob ot builds the map and

lo calises sim ultaneously , usually in real-time. Although

what has b een ac hiev ed from SLAM is quite impressiv e,

only rarely are there en vironmen ts that are not kno wn

to some exten t. F or the ma jorit y of applications where

a prior mo del can b e obtained, global lo calisation has an

adv an tage. Since the acquisition of the prior mo del is not

under an y real-time constrain t, it can b e pro cessed o�ine

with no restrictions on `�ne tuning' of the map. Global

lo calisation can also solv e the kidnapp ed rob ot problem,

where a rob ot is randomly placed in an en vironmen t and

is still able to lo calise, something not readily ac hiev able

with SLAM.

This pap er presen ts w ork done on globally lo calising

a rob ot in an en vironmen t mo delled b y a 3D laser scan-

ner and registered coloured imagery using a panoramic

mirror as the rob ot's sensor. The laser scanner/camera

pro duces a v ery ric h and dense mo del represen ted b y a

3D p oin t cloud with colour. This in itself presen ts a c hal-

lenge to pro cess suc h a v ast amoun t of data. The c hoice

of a vision sensor for the rob ot is attractiv e b ecause it

is relativ ely inexp ensiv e, passiv e in op eration and pro-

duces ric h data, though requiring more pro cessing than

a time-of-�igh t sensor lik e a laser or sonar. The adv an-

tage of ha ving a panoramic mirror that has a horizon tal

viewing angle of 360 degree is ob vious.

[

Jogan and Leonardis, 1999

]

presen ts a vision based lo-

calisation metho d using panoramic images. They build

an indo or app earance map b y taking images at ev ery

60 cm. The images are then pro jected on to eigenspace

to reduce the data. Our w ork follo ws the same concept

of building an app earance map b y sampling the en viron-

men t at v arious lo cations, except w e do it in a cyb erw orld

created b y a laser range scanner. The images obtained

from the cyb erw orld undergo data reduction using Haar

w a v elet decomp osition. There is no real-time constrain t

placed on our rob ot. It op erates in a stop go fashion,

so computational e�ciency is not a critical issue. The

same can b e said for pro cessing the app earance map as

it is done o�ine.

The pap er is organised as follo ws. Section 2 will giv e

a brief o v erview of the rob ot platform used. Section 3

will discuss ho w the app earance map is pro duced from

the p oin t cloud. Section 4 will describ e capturing and

pro cessing the panoramic images. Section 5 will de-

scrib e ho w the pro cessed panoramic images are matc hed

against the app earance map. Section 6 will describ e the

global lo calisation algorithm. Section 7 con tains exp er-

imen tal results. Section 8 will discuss the exp erimen tal

results and future w ork needed. Finally , section 9 will

conclude the pap er.

2 Hardw are

The rob ot platform is an ER1 rob ot as sho wn in Figure

1. It has a panoramic mirror moun ted on top with a

Canon P o w ershot S3IS digital camera. The digital cam-

era o�ers more con trol o v er a common video camera suc h

as ap erture, sh utter sp eed, exp osure comp ensation and



higher qualit y images (6MP). Since there is no real-time

constrain t the high resolution digital camera is a suitable

c hoice, image acquisition time b eing appro ximately 1-2

seconds. The camera is remotely con trolled via the op en

source gphoto2 program

1

.

Figure 1: ER1 rob ot platform

3 Map A cquisition

The 3D cyb erw orld is created using a Riegl LMS Z420i

terrestrial laser scanner and a high resolution digital

camera. This scanner has an e�ectiv e range b et w een

2-800 metres, 360x80 degrees �eld of view. Colour infor-

mation for eac h 3D p oin t is obtained via a Nik on D100

camera moun ted on top. The en vironmen t of in terest

is scanned at v arious lo cations to build a complete map.

The dense p oin t cloud from eac h scan are then registered

together using in-house soft w are based on the T rimmed

Iterativ e Closest P oin t (T rICP) algorithm

[

Chetv erik o v

et al. , 2002

]

. Eac h scan is registered to the next nearest

scan with one scan c hosen as the reference p oin t. Our

test en vironmen t w as scanned at 5 di�eren t lo cations.

The registered p oin t clouds con tained o v er 36 million

p oin ts o ccup ying ab out 850MB of disk space (uncom-

pressed 32 bit �oats). Giv en the size of the data, it is

infeasible to render a scene at an y giv en p ose fast enough

for lo calisation using particle �lters. The frame rates

ac hiev ed w ere w ell under 1 frame p er second on a Nvidia

6800GT graphics card. F or global lo calisation w e need to

generate man y h yp othesis, whic h can b e an ywhere in the

100,000s. It w ould b e impractical to w ait o v er 100,000

seconds for a single up date. Clearly , w e need to compress

the dense 3D map in to something more manageable.

1

h ttp://www.gphoto.org

The p oin t cloud is p ost pro cessed b y represen ting as

m uc h of the en vironmen t using planes and texture, whic h

are more memory e�cien t. The plane �tting w as done

using RANSA C as describ ed in

[

Ho and Jarvis, 2007

]

.

This reduced the p oin t cloud to ab out 400MB (~53%

compression o v er the ra w p oin t cloud), 160MB allo cated

to texture and the rest b eing p oin ts. Our test en viron-

men t consisted a lot of v egetation that can't b e �tted

b y planes w ell. This fusion of texture and p oin t map

is then sampled at p oin t on a ev ery 0.25 metre spaced

rectangular grid and 10 degrees rotation to create the

�nal app earance map database.

3.1 P anoramic Mirror in Cyb erw orld

T o generate the app earance map in cyb erw orld, an ac-

curate sim ulation of the panoramic mirror used b y the

rob ot is required. The mirror has the same pro�le found

in

[

Chahl, 1998

]

with an elev ation gain of 7. Figure 2

sho ws the mirror's parameters and co-ordinate system

used in equation 1. The p olar equation describing this

mirror is:

r 4 =
r 4

0

cos4� a
(1)

Figure 2: Mirror's parameters and co-ordinate system

The v ariable r0 w as found exp erimen tally b y running

a Matlab script that optimised this v ariable un til it �tted

the pro�le of the mirror. T o visually con�rm the accu-

racy of the mo del, the shap e of the pro�le w as prin ted

out on pap er and compared to the mirror. Giv en a ge-

ometric mo del of the mirror w e are in terested in �nding

an equation to bac k pro ject 3D p oin ts on to the mirror.

Finding an analytical solution pro v ed di�cult so an ap-

pro ximation w as used instead. This w as done in sim ula-

tion b y pro jecting ra ys from the camera on to the mirror



and seeing where it in tersected with the mirror and re-

�ected. An 8th degree p olynomial w as used to �t a rela-

tionship b et w een the angle of re�ection , � b , and lo cation

( x i , yi ) where it o ccurs on the mirror. Figure 3 sho ws

the �tted data for the bac k pro jection. All functions re-

turn x and y v alues relativ e to the ap ex of the mirror

not the co-ordinate system in Figure 2. Giv en the 2D

p osition on the mirror, �nding the 3D p osition is trivial

giv en an angle around the optical axis of the mirror.

Figure 3: Bac k pro jection equations

The panoramic mirror is sim ulated in Op enGL using

GLSL v ertex/fragmen t shaders

2

. Figure 4 sho ws an ex-

ample panoramic image generated from the cyb erw orld.

2

h ttp://www.op engl.org/do cumen tation/glsl/

Three grey v ertical bars are added to represen t the metal

legs of the trip o d o ccluding the mirror.

Figure 4: Example of a panoramic image in cyb erw orld.

4 P anoramic image

The panoramic images are captured at 640x480 instead

of the full 2816x2112 b ecause w e end up using a do wn-

sample image for image matc hing, the high resolution is

unnecessary . W e plan to mak e use of the high resolution

for a future idea that will b e men tioned in the discus-

sion. T o un wrap the image, a linear mapping is applied

as sho wn graphically in Figure 5. The resolution of the

un wrapp ed image is 512x128 pixels.

Figure 5: Un wrapping a panoramic image

4.1 HDR imaging

A common problem faced when taking panoramic images

outdo or is the lo w dynamic range of the camera. This

is particularly noticeable for scenes with a mix of dark

and brigh t regions. The sky tends to o v ersaturate while

areas cast with a shado w undersaturate. T o pro duce an

image with a larger dynamic range, w e adopt standard

tec hniques found in high dynamic range (HDR) imaging

[

Deb ev ec and Malik, 1997

]

. T ypically , m ultiple images of

the same scene are tak en at di�eren t exp osure lev el and

com bined to pro duce a single HDR image. The HDR

image range exceeds that of a standard monitor displa y

and requires tone mapping to compress it for displa ying

purp oses.

F or our application, only t w o images are required. One

at -2EV and the other at +2EV. This is adequate in high-

ligh ting v ery brigh t and dark areas. W e use the op en

source program qtpfsgui

3

with the Reinhard02

[

Rein-

hard, 2002

]

tone mapping op erator to create the HDR

images. The program w as mo di�ed to run on the com-

mand line. An example is sho wn in Figure 6. This HDR

op eration tak es b et w een 1-3 seconds.

3

h ttp://www.qtpfsgui.sourceforge.net/
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=

Figure 6: HDR panoramic image. T op is tak en at -2EV,

middle at +2EV, and b ottom is the �nal HDR image

Algorithm 1 Haar W a v elet decomp osition in 1D

1: pro cedure Decompose (A : arra y[0..h-1])

2: A  A /

p
h

3: while h > 1 do

4: for i  0 to h � 1 do

5: A0[i ]  ( A[2i] + A[2i+1]) /

p
h

6: A0[h + i ]  ( A[2i] - A[2i+1]) /

p
h

7: end for

8: A  A'

9: end while

10: end pro cedure

5 Image matc hing

A m ulti-resolution Haar w a v elet approac h based on

[

Ja-

cobs et al. , 1995

]

w as applied to create a signature v ector

for eac h p ose in the database. The pseudo co de for the

Haar w a v elet decomp osition in 1D is giv en in Algorithm

1. T o decomp ose a 2D image, the ro ws are decomp osed

�rst then the columns. Haar w a v elets are v ery fast to

compute and simple to implemen t.

Our approac h for creating the signature is as follo ws:

Algorithm 2 W a v elet signature

1. Do wnsample image to 512x128 (un wrapp ed

panoramic)

2. Con v ert image to grey scale

3. P erform a 2D Haar w a v elet decomp osition

4. Keep the �rst 64x16 co e�cien ts

5. Quan tise co e�cien ts to [-1,1] (negativ e, p ositiv e)

The signature is the quan tised set of 64x16 co e�cien ts,

whic h is a v ector of 1024 in length. The signature can

b e though t of as enco ding ligh t to dark and dark to ligh t

in tensit y transition at di�eren t resolutions. The �rst co-

e�cien t in the signature is the a v erage in tensit y of the

en tire image (not used but k ept an yw a y). This signature

can b e e�cien tly stored as an arra y of 1-bit v alues since

the co e�cien ts are quan tised to t w o lev els. Eac h signa-

ture tak es up 128 b ytes. Our database of o v er 100,000

p oses totals to ab out 15MB. T o measure the similarit y

b et w een a query and target image, Algorithm 3 is used.

Algorithm 3 Similarit y measure

1: pro cedure GetWeight (query : arra y[64][16], tar-

get : arra y[64][16])

2: for y = 0 to 15 do

3: for x = 0 to 63 do

4: bin = GetLevel(x; y)
5: histogram [bin]  histogram [bin] +

(query[x][y] = target[x][y])
6: end for

7: end for

8: score =
Q

i
sigmoid(bi + wi � histogram [i ])

9: return score
10: end pro cedure

The w a v elet co e�cien ts are group ed in to 5 bins b y

GetLev el, whic h returns the resolution lev el of the co ef-

�cien t at (x,y). This is the same w eigh ting sc heme used

in

[

Zh uang and Ouh y oung, 1997

]

. A graphical represen-

tation is sho wn in Figure 7. Eac h colour represen ts a

spatial bin at that particular lev el and are n um b ered on

the top.

Figure 7: W a v elet co e�cien t w eigh ting sc heme

The w eigh ts and bias v alue w ere found b y using logistic

regression from a set of ground truth training data. The

training set consisted of 996 images classi�ed in to t w o

classes, matc h and mismatc h. The matc h data set con-

sisted of 6 images at kno wn p oses. While the mismatc h

w ere images randomly c hosen from the app earance map



that w ere at least 5 metres a w a y from the 6 images. W e

found that treating eac h histogram bin indep enden tly as

an individual probabilit y pro duced b etter discrimination

in comparison to doing

score = sigmoid

 

b+
X

i

wi � histogram [i ]

!

The w eigh ts used are summarised in T able 1.

Lev el Bias (bi ) W eigh t (wi )
0 -6.153 0.371

1 -8.131 0.407

2 -13.175 0.284

3 -15.332 0.096

4 -38.797 0.080

T able 1: W eigh ts used

6 Global Lo calisation

Although, giv en a panoramic image, w e could simply

p erform a database lo okup and �nd an estimated p ose

from the b est scoring image, this w ould not b e v ery ro-

bust, particularly for a large database. Since w e ha v e

a mobile platform, con tin uit y is exploited b y matc hing

a sequence of images instead. F or this, a particle �l-

ter is emplo y ed to p erform global lo calisation

[

Thrun et

al. , 2001; Rekleitis, 2004

]

. 100,000 particles w ere ini-

tialised uniformly across the map. Areas with obstacles

that the rob ot can't ph ysically mo v e to are automati-

cally detected based on heigh t thresholding of the p oin t

cloud. F or eac h mo v emen t of the rob ot an up date w as

p erformed. Up dating 100,000 particles tak es ab out 5

seconds on a P en tium M 1.8Ghz. A summary of the

algorithm used is giv en:

Algorithm 4 Global lo calisation using particle �lter

b egin lo op

1. mo v e rob ot

2. apply motion mo del to particles

3. capture panoramic image

4. up date particles' w eigh t using GetW eigh t

5. resample particles

end lo op

A Gaussian noise mo del for wheel o dometry w as used

for the motion mo del and w as obtained empirically . The

noise is a p ercen tage of the total distance the rob ot has

mo v ed or rotated.

" t = N (� = � 0:043; � = 0 :015) (2)

" r = N (� = � 0:005; � = 0 :045) (3)

" � = � � + " r � � (4)

" t and " r are the translation and rotation error re-

sp ectiv ely . N is a Gaussian function with mean � and

standard deviation � . � � and � t are relativ e rotation

and translation the rob ot has p erformed and (x i ; yi ; � i )
are absolute p osition and orien tation.

�X i +1 =

0

@
x i +1

yi +1

� i +1

1

A =

0

@
x i + (� t + " t � t) cos(� i + " � )
yi + (� t + " t � t) sin (� i + " � )

� i + " �

1

A

(5)

The p ose is estimated using the w eigh ted mean:

�X =
X

i

X i wi (6)

Alternativ e estimations are the b est particle and ro-

bust mean. The b est particle is the particle with the

highest w eigh t. One disadv an tage of c ho osing the b est

particle is that it in tro duces discretisation errors. The

robust mean do es a w eigh ted mean in a small windo w

around the b est particle. It has the adv an tage of select-

ing the mo de of distribution (for m ultimo dal distribu-

tion) and reduces discretisation error. Ho w ev er, if the

particles ha v e con v erged tigh tly then the w eigh ted mean

and robust mean pro duce results with insigni�can t n u-

merical di�erence.

7 Exp erimen tal Results

The rob ot is placed at a random lo cation and pro-

grammed to mo v e in a straigh t line for 6 metres, up-

dating ev ery metre, with the exception of exp erimen t 2

that ran for 8 metres. The p osition where it stopp ed

is recorded b y using a tap e measure relativ e to natu-

ral landmarks in the en vironmen t as reference p oin ts.

This exp erimen t w as p erformed 6 times at v arious lo ca-

tions. It is imp ortan t to p oin t out that this not a kidnap

rob ot exp erimen t whic h is something to b e implemen ted

in future w ork. The particle �lter algorithm is man ually

reset ev ery time the rob ot is randomly displaced. Figure

8 sho ws the particles for exp erimen ts 1 at eac h up date

stages, with the image from the panoramic mirror sho wn

on the b ottom righ t. As observ ed, the particles con v erge

quic kly .

T o determine the error in lo calisation, w e ran the

global lo calisation 50 times since the particle �lter is

based on random sampling, hence the outcome will al-

w a ys b e sligh tly di�eren t. F or ev ery run, the estimated

p ose is compared to the recorded ground truth using

Euclidean distance. The distance from the ground truth

and estimated p osition is de�ned as the error. The er-

rors are aggregated and the mean calculated for eac h



exp erimen t. T able 2 summarises the results for all the

exp erimen ts. Figure 9 sho ws all the ground truth lo ca-

tion for all exp erimen ts.

Exp erimen t no. T rue (x,y , � ) Est (x,y)

1 (2.8, 0.8, 18�
) (2.5, 0.8) � 0:3

2 (8 metres) (-6.5, -1.2, � 77�
) (-6.3, 0) � 1:2

3 (-7.0, 1.1, � 70�
) (-6.3, 1.5) � 0:8

4 (0.3, -0.8, 8�
) (-0.8, -0.7) � 1:1

5 (9.0, 2.8, 22�
) (8.1, 2.6) � 0:9

6 (-10.0, 4.1, 130�
) (-9.5, 2.7) � 1:5

Exp erimen t no. Est �
1 18� � 2�

2 (8 metres) � 74� � 5�

3 � 76� � 6�

4 10� � 2�

5 29� � 7�

6 129� � 2�

T able 2: Summary of global lo calisation exp erimen ts.

All v alues are expressed in metres.

8 Discussion

The particles con v erge rapidly to w ards the true p osition

for all exp erimen ts. The error in lo calisation is, ho w ev er,

not small enough to na vigate narro w paths reliably y et.

This can b e impro v ed b y fusing the rob ot with a close

range sensor to detect obstacles and augmen t the parti-

cle �lter. Despite that, the lo calisation is more accurate

than a con v en tional civilian GPS, whic h can ha v e uncer-

tain ties an ywhere in the 10s of metres. Curren tly , w e are

extending the en vironmen t b y adding more laser scans

and increasing the en vironmen t size.

One of the ma jor disadv an tage of the app earance map

metho d is that it disregards the 3D information from the

p oin t cloud. The p oin t cloud is a precise metric mo del

and it w ould b e a w aste to not exploit it. A t the mo-

men t, w e are in v estigating w a ys of incorp orating the 3D

information. One idea is to do feature matc hing across

the panoramic image and the app earance map. F or eac h

pixel in the app earance map it can b e traced bac k to

a 3D p oin t. Giv en a list of 3D p oin ts and their 2D

corresp ondence it is p ossible to p erform a triangulation,

treating eac h matc hed pixel lik e a static b eacon. This

is where the high resolution images ha v e an adv an tage.

The high resolution allo ws more features to b e detected

while at the same time pro viding higher corresp ondence

accuracy , assuming the app earance map is also high res-

olution. Another idea is to extract 3D information from

the sequence of images as the rob ot mo v es. Matc hing

in 3D space should b e more robust but lik ely b e more

complex.

Occlusion and ligh ting conditions ha v e not b een con-

sidered and is something for future w ork. The w a v elet

signature has the p oten tial to handle o cclusion b ecause

it is made up of lo cal spatial information at v arious res-

olutions. An o ccluded region w ould only in tro duce a

bad matc h for that area only . The signature, in the-

ory , is inheren tly robust to global illumination since it

only considers dark to ligh t and ligh t to dark in tensit y

transition. An image undergoing constan t c hange in illu-

mination w ould still ha v e the same signature except for

the �rst co e�cien t, whic h w e don't use an yw a y .

One adv an tage of the the app earance map metho d is

its generalit y . It can b e extended to higher dimensions

if computational e�ciency is not an issue. One could

ev en extend the lo calisation to 3D space, suc h as with a

helicopter rob ot.

9 Conclusion

W e ha v e presen ted a global lo calisation metho d based on

app earance maps generated from a laser range scanner.

The lo calisation is more accurate than a con v en tional

civilian GPS but less accurate than using a direct sensor

suc h a laser. Although w e ha v e not exploited an y 3D

information from the p oin t cloud it is something that w e

are in v estigating. Nev ertheless, w e ha v e ac hiev ed suc-

cessful results when w orking in 2D space only and can

exp ect the accuracy to b e further impro v ed if fused with

3D information.
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Figure 8: Results for exp erimen t 1.



Figure 9: Ground truth and estimated p osition for all 6 exp erimen ts.


